Absi;i-a"t-An useful engineering strategy is outlined connecting phase equilibrium experiments and modelling with pilot plant laboratory distillation and column calculations. The information content of experimental data on different properties are available and the role of planned experiments is discussed, together with an example of error propagation analysis. A novel method for checking thermodynamic consistency of data banks is proposed.
INTRODUCTION
As neither the available models nor the experimental data are complete, it is important to include experimental verification steps into the strategy of modelling a distillation technology. Figure 1 shows a scheme for a typical approach to a low or moderate pressure distillation separation problem.
WHAT TO MEASURE
Assuming that the models applied are almost perfect, the question arises, which measurable property is the most informative (has the largest semitivity) on model parameters, considering also the precision and costs of the measurements. In other words, what type of experiments are to be'carried out with a certain precision in order to obtain maximum information on (less uncertain values of) model parameters. To get an idea, the effect of a parameter of a simplified model (one-parameter UNIQUAC) was investigated f o r measurable properties by computer similation on the example of a 2-methyl-propanol-1 -water system.
The original value of the parameter, calculated from the UNIQUAC paramaters taken from Gmehling's book (ref. I ) , using the Antoine vapor pressure equation to get the heat of vaporization of pure components, was -0802 J/mole. Upon changing its value by 2% ( that is to -6666 J/mole) the following average deviations were found for VLE, LLE and If the relative precision of the measurements is assumed equal, the order of informativity is:
> > Y+T
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This means that the composition of the water-rich phase in LLE and of the alcohol is the most informative, followed by the composition of the or5anic phase of LLE together with the infinite dilution activity coefficient of water. The less sensitive experiment is the VLE in this example. These conclusions are far from being generally valid,but similar calculations may be performed for any mixture. To the best of our knowledge, Sutton and MacGregor (ref. 2) proposed first that methods of optimization of experiments should also be applied to VLE measurements. In order to maximize the information stored in the parameters, they proposed to select those concentration values for measurements which would minimize the volume of the joint confidence region of model parameters. This is equivalent to the maximization of the determinant of variancecovariance matrix of parameters. Howat and Swift (ref. 3) show a rather convincing illustrative example of VLE measurements for 2-methyl-butene-I -isoprene system, applying a two-parameter model. The relative volatility in thls system is about 1 .I. Plottins the determinant of the inverse novariance matrix of parameters as a function of the two conccntrntion values where the measurements would take place,it was found that the maximum information value is obtained at 0.3 and 0.75 mole fraction value for 2MB1. The optimum is shallow. Therefore, simulated experiments proceeded in the ranges 0.2 -0.4 and 0 . G -0. Then by treating the generated ternaries as pseudo-binaries, UNIQUAC parameters were estimated.
Using these pseudo-binary UNILJUAC parameters, isobaric ternary (acetone -methanol -pro?anol) equilibrium data were predicted at 20 points, the predicted T and y valies were compared with those found using the original UNIQUAC parameters. The results are summarized in Table 1 . It canbe r e a d i l y s e e n t h a t a t t h e r e a l l y a c h i e v a b l e m i n i m u m w a t e r c o n t e n t ( r e f . 6) the bias is well within the usual measurement errors, but on increasing the concentration of the contaminant the distortion becomes significant.
An investigation of random errors by error propagation analysis may help the experimentalist to identify the main error sources and gives an idea on variances o f the parameter estimation. The following example taken from an old work (ref. 7 ) illustrates the method; the values of precision shown are out of date, however. The error variances are estimated from repeated experiments or from the readability of instruments (readability limit = 23&'>. The error of pressure measurement is the sum of those of the barometer, the two levels of the manostat and of the oscillation of tsle outside pressure. The readability of the barometer scale is about 0.005 mmHg, that is C b e O . 1 mmHg. During the reading of the water level of manostat 2 mm is distinguishable, therefore 5) * 0.66 min, which corresponds to 0.05 mmHg 3 but as the difference of the two levels is read, it is multiplied b y p : emanY0.07 mmHg. Oscillation of the outside pressure during the equilibriummeasurement istakenas c o u t = 0 . 2 mmHg. The resulting variance is
The variance of the measured temperature is estimated from repeated experiments as eT = 0 . 0 5 K.
For the experimental determination of the composition, refractivity index vs mole fraction calibration curve was determined first. The variance of a point in the n(x,T) space is expressed by the error propagation law:
where the first term stands for the refractometer reading,the second one is the contribution ofthetemperaturemeasurement, while thethird term comes from the error committed when composing the mixture from pure materials by weight; this last contribution was proved to be negligibly small in the specific example.
The readability of the refractometer soale is about ~x I O -~, therefore %,o ~~X I O -~, while on the thermometer scale 1 K can be distinguished, c T * 0 . 1 3 3 K is taken. The average slope of the n vs T curve is about 5 . 5~1 0~~. Thus, As ea.ch calibration measurement was repeated three times, this variance is -with data on other properties. This item is discussed below.
In the era of huge data banks it became important,at least for the users (correlators), to check data coming from different sources for different properties but to be used together. A well known method for this task is the nultiproperty analysis ( ref. 1 3 ) . The essence of the method is a study of residuals of different properties obtained as deviations from a function fitted at the same time to all properties. As an example we give the simultaneous treatment of density and enthalpy data: The method to be outlined is a generali2ation of the Gibbs-Helmholtz analysis,
where GE values calculated from experimental VLE data (x,T,P) are plotted aeainst the temperature, and the slope of the GE vs T curve is compared with that calculated from calorimetric HE data (ref. 8, 9) for mixture of the same composition, as is illustrated in Fig. 3 . A s HE is usually not available at the same composition where GE is measured, interpolation may be required. For dlfferent compositions (and also different temperatures) a whole set of curves and slopes is to be examined. The aim of the generalized method is to characterize the measure of inconsistency, preferably separately for different regions of independelit variables T, P , x. The method is model-free,making use of strict thermodynamic relations only. Equations of the thermodynamics are mainly differential (or partial differential) equations, containing derivatives with respect to T, P and x, and in most cases these derivatives are not measured directly but calculated from experimental data. The three ways for treating the problem will be illustrated by the example of a first order ordinary differential equation ( Method a.) usually cannot be applied because the differential equations of the thermodynamics are much too complicated for solving them analytically. Using method b. ), the random errors are exaggerated during differentiation, while in the integration applied in method c.) these random errors are filtered out. This is advantageous as systematic deviations are looked for, thus,the third method was chosen. T -1
where L stands the estimated values of properties,
-V is the variance-covariance matrix of the measured properties.
-
The m e a s u r e of d e v i a t i o n s i s d e f i n e d as F o r m u l a e f o r q o n l i n e a r " b a l a n c e " e q u a t i o n s a r e a l s o a v a i l a b l e ( r e f . 1 6 ) . The u s e o f t h e m e t h o d i s i l l u s t r a t e d o n t h e e x a m p l e o f a n i n v e s t i g a t i o n o f t h e c o n s i s te n c y o f p u r e component v a p o r p r e s s u r e and h e a t of v a p o r i z a t i o n d a t a . The C l a u s i u s -C l a p e y r o n e q u a t i o n f o r t h e s a t u r a t i o n , n e q l e c t i n g t h e volume of t h e l i q u i d and t r e a t i n g t h e v a p o r as a n i d e a l g a s , i s w r i t t e n as
Upon a n i n t e g r a t i o n from T i t o T i + l a n d r e a r r a n g e m e n t , t h e f o l l o w i n g e q u a t i o n i s o b t a i n e a :
t h e r e are n-I b a l a n c e e q u a t i o n s a l t o g e t h e r .
The e l e m e n t s o f b a r e z e r o . The 1 c o e f f i c i e n t m a t r i x assumesthe f o l l o w i n g f o r m :
The n number of p o i n t s s h o u l d n o t e x c e e d t h e number of e x p e r i m e n t a l p o i n t s b u t i t must be e s s e n t i a l l y g r e a t e r t h a n t w 3 , o t h e r w i s e t h e i n t e g r a t i o n b e t w e e n t h e two e d g e s may c a n c e l t h e s y s t e m a t i c d e v i a t i o n s . The r e s u l t s of a s a m p l e c a l c u l a t i o n a r e shown i n F i g . 4 , where a n i n c r e a s i n g s y s t e m a t i c e r r o r was s u p e r p o s e d t o t h e t r u e v a p o r p r e s s u r e c u r v e . T h e m a i n featuresofthemethod,i.e., t h e s e n s i t i v i t y and t h e p o s s i b i l i t y o f s e p a r a t e e x a m i n a t i o n of r e g i o n 8 , a r e w e l l i l l u s t r a t e d . 
USE OF MODELS AND PARAMETER ESTIMATION
In principle,it would be possible to calculate the properties of a multicomponent mixture using molecular data only. For this purpose models are used, parameters of which are not adjusted to the measured data. As the other limiting case, it is also possible to measure the required data directly; thus, $10 model would be required. E.g.,if the boiling point of a multicomponent mixture of a certain composition is required, it can be measured. From engineering point of view, none of these limiting cases is practicable. We donot have good enoughmodels for a b i n i t i o c a l c u l a t i o n s , o n t h e one handywhile the phase equilibrium data in a whole concentration, temperature and pressure range are required for engineering calculations on the other. In the intermediate region models are used with parameters adjusted to experimental data: ab initio calculations c models with * measuring the required data (no adjustable parameter) ad justable directly (no model) parameters
If the required properties in a region of interest are mapped by experiments, we are close to the right edge, and what we really need is an interpolation, the representation of the map inamathematical form. Going from the right to the left, less ( o r no) multicomponent experimental informationis available,and models of greater predictive ability are required. This predictive ability is connected (more or less closely) with the theoretical background of the models. To understand the basis of the predictive ability of a model is not always easy. E.g.,the simplifying assumptions of group contribution models (similar groups coming from different molecules are not distinguished) are usually emphasised without stressing themajor gainofthese mode1s:the assumptionofthe homogeneity of molecules is dropped, that is.the smearing approximation is noi applied, and the molecules are treated as heterogeneous. Physically sound models have parameters of physical meaning, the maximan information is to be extracted from the experimental data with respect to the parameters. A general method for this purpose is the properly applied maximum likelihood estimation procedure, which is proved to give the parameters with the 1 .
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